There were localised differences in PM across different areas within Sydney, Australia. Areas with high urban forestry density had lower PM than other sites. Associations between PM and meteorological factors were also observed. No trends in CO 2 , CO, TVOCs, NO, NO 2, or SO 2 were observed.
Introduction
Air pollution is ubiquitous in industrialised and densely populated regions (Begg et al., 2007) . Most urban air pollution comes from road traffic, and is comprised of a mixture of airborne particulate matter (PM), oxides of sulfur (SOx), oxides of nitrogen (NOx), carbon monoxide (CO), carbon dioxide (CO 2 ), volatile organic compounds (VOCs), polycyclic aromatic hydrocarbons (PAHs), and ozone (Thurston, 2008) . Outdoor air pollution kills approximately 8 million people across the world every year (WHO, 2014) , with a global cost of 1.7 trillion dollars (OECD, 2014) . Exposure to traffic-related air pollution can have infant respiratory health effects (Saravia et al., 2013) , and has even been associated with autism (Volk et al., 2013) . In Australia it is estimated that urban air pollution causes over 1400 deaths per annum in Sydney alone (Department of Health (2009)), with national health costs estimated to be as high as 1 per cent of gross domestic product (Brindle et al., 1999) or $AUD 12 billion pa, from lost productivity and medical expenses (Environment Australia, 2003) . Whilst Australia has made progressive improvements to its overall air quality through regulatory measures (DEH, 2004) , standards set by the National Environment Protection Council are still exceeded on a few days every year. This is usually related to bushfire events, including hazard reduction burns (NSW EPA, 2008) , however the impact on air quality of locally sourced pollutants associated with urbanisation, climatic variability, and long periods of drought, are all contributing factors when standards are exceeded (Friend et al., 2013) . Clearly, governments and societies in general have a social responsibility to reduce, mitigate or ameliorate urban air pollution for the health of all organisms in urban environments, humans included.
'Urban greening' has been proposed as a means to reduce airborne pollutant levels (Chen and Jim, 2008) , with mounting evidence indicating that urban forestry can offer a range of 'ecosystem services' for urban residents that includes the mitigation of air pollution (Brack, 2002; Zheng et al., 2013) . Most of the related studies focus on the ability of urban forestry to reduce airborne PM and NO 2 (Vos et al., 2013) . The capacity of urban forestry, in particular trees, to reduce air pollutants is through a number of mechanisms. Trees can intercept and accumulate atmospheric particles through leaf pubescence and by providing a large waxy surface on which deposition can occur (Beckett et al., 2000) , and also absorb various gaseous pollutants through the stomata Janh€ all, 2015. Further, various tree configurations can alter wind profiles or create wind inversions via their geometry which assist in the deposition rate of pollutants from the air, or may act as physical barriers preventing the penetration of pollutants into specific areas (Salmond et al., 2013; Janh€ all, 2015) .
Many cities have plans for increasing their urban greenspace to reduce air pollution (Andersson-Skold et al., 2015) . The City of Sydney council is no exception, the City Council proposing to increase the city's urban canopy by 50 per cent from the current canopy cover of 15.5 per cent by 2030 (City of Sydney (2013)). Such initiatives have been shown to be both economically and environmentally effective, with urban forestry in Canberra, Australia estimated to have a combined energy reduction, pollution mitigation and carbon sequestration value of US$20e67 million between 2008 and 2012 (Brack, 2002) . While equivalent estimates for other Australian cities are unavailable, it is likely that the urban forest will have similar if not greater value for cities with higher population densities, such as Sydney.
Sydney's urban forestry has not previously been investigated with respect to its ability to reduce urban air pollution. Further, few studies from any location are available that provide experimental data on the air pollutant removal capacity of urban forestry/greenspace, as opposed to model estimates such as the Urban Forest Effects Model (UFORE) by Nowak (2006) . Similarly, few reports provide empirical evidence of the association between overall ambient particulate matter densities and urban forestry densities (Pataki et al., 2011) . Efforts to demonstrate or validate the model estimates have either found substantially reduced improvements relative to estimates from models (Tallis et al., 2011) or have shown no positive effects (Set€ al€ a et al., 2013) .
The current project aimed to determine whether a discernible relationship does exist between higher densities of urban forestry and reduced local ambient air pollutant levels.
Methods

Study area
Sydney, Australia has a population of 4.5 million and lies on a coastal lowland plain between the Pacific Ocean and elevated sandstone tablelands. The climate for Sydney is warm and temperate. Days on which rainfall events occur are evenly distributed throughout the year, however rainfall volume is at its highest in Autumn. Sydney city's air quality is generally good by international standards, although levels of particulate matter can exceed the national standards on occasion (OEH, 2015) . The main source of Sydney's air pollution is fossil fuel combustion, specifically motor vehicle exhaust; however domestic wood smoke in winter, and bush fires in summer can cause severe pollution events for a few days a year (NSW EPA, 2008) .
Within the City of Sydney Local Government Area (LGA), the total tree canopy cover has been estimated at 15.5% (City of Sydney (2013)), of which 6.6% of the canopy cover is on private land, 4.9% is street trees, and 4.1% is in parks. The City's street trees are restricted in diversity, with whole lengths of streets planted with single species. Platanus Â acerifolia is (London Plane Tree) is the most common Sydney street tree, comprising 9.5% of the urban forest, followed by Melaleuca quinquenervia (Broad-leaved Paperbark) and Lophostemon confertus (Brush Box), both of which comprise 8.8% of the urban forest (City of Sydney (2013)).
Sample sites
In collaboration with the City of Sydney Council, sites were selected so as to encompass a range of different conditions with respect to traffic density, usage, and greenspace/urban forest density ( Fig. 1 ; Table 1 ). High canopy cover of >20% of the total land area was present in the sample sites at Centennial Park, Sydney Park, Surry Hills, and Rushcutters Bay (City of Sydney (2013)). These sites have high canopy coverage due to both highly planted residential areas and/or extensive public parklands. Sites with moderate canopy coverage (10%e20% of total land area) included Chippendale, Glebe, and Prince Alfred Park. Sites with low canopy cover (0e10% of total land area), included Haymarket, Zetland and Town Hall and Pitt St sites in central Sydney; which are built up, inner city areas. Little variation exists in topography across all selected sites as the central region of Sydney has a relatively constant elevation (approx. 22 m above sea level across the sampled region).
Traffic density and greenspace assessment
The concentration of greenspace at the sites was estimated using satellite imagery from Google maps, within 100 m, 250 m and 500 m radii from the geographic centre of each sample site, forming areas of 3.14, 19.6 and 78.6 ha respectively. The proportions of these areas under tree cover (including shrubs >1 m in height), grass cover and total greenspace (trees þ grass) were calculated using Google Maps Distance Calculator (2013). The zoom capability of the Google maps allowed accurate estimates of greenspace cover to be made. The data is shown in Table 2 . Please note that the data are cumulative, meaning that the 250 m data includes the greenspace within the 100 m radius sites etc.
Previous work that has empirically assessed the relationships between urban vegetation and air pollution has not accounted for spatial variation in the primary source of air pollutants. Motor vehicle exhaust is the main contributor to locally sourced pollutants for the sample area, and thus can be expected to be a major determinant of between-site variation in ambient air pollution. Despite all samples being conducted in the city's CBD, the traffic density was not homogenous. To estimate traffic densities at the sample sites, several traffic sampling points were selected within each site: 2 points within the 100 m radius areas, 4 between the 100 and 250 m radii and a further 7 between the 250 and 500 m radii areas. Traffic sampling points were selected based on a stratified random sampling process among high, medium and low traffic density roadways. Traffic was sampled manually by counting vehicles passing the sample point for one 3 h period per location. Samples were taken mid-week, between 1100 and 1400 h (the same time interval during which the air quality samples were taken) to avoid the three daily peak traffic periods. Total traffic density was estimated by calculating vehicle movements per minute and multiplying by the number of streets of each roadway type within each specified radius. Whilst these traffic density estimates do not provide a quantitatively precise measure of the total road transport density at the 11 locations, this method represents a functional proxy for the overall road use in the areas surrounding the sample sites, as the data was collected during the same 'traffic behaviour' periods as the air samples, as well as allowing for the randomization of vehicle type. Traffic densities at the sites are shown in Table 3 .
Air quality sampling
Monthly air samples were taken across eleven sites within the City of Sydney LGA between September 2013 and August 2014. A temporally independent design was implemented, where air samples were collected from different randomly selected points within the 100 m radius of the site centres each month, to negate temporal non-independence and the requirement for repeated measures analysis. Air samples were collected from the sites with several portable instruments. Carbon dioxide (CO 2 ), carbon monoxide (CO), total volatile organic compounds (TVOCs), nitric oxide (NO) and sulfur dioxide (SO 2 ) were measured with a Yessair 8channel IAQ Monitor (Critical Environment Technologies Vantage Way Delta, Canada). Total suspended particulate matter (TSP), respirable suspended matter (PM 10 : suspended particles <10 mm in diameter) and very fine particulate matter (PM 2.5 : particles <2.5 mm in diameter) were recorded with a DustTrack II 8532 laser densitometer (TSI, Shoreview, Minnesota). The DustTrak has been shown to overestimate particulate matter for certain particulate materials (Kingham et al., 2006) , especially the PM 2.5 fraction; thus data recorded was corrected with data sourced from the NSW Office of Environment and Heritage (OEH) (explained further below). Meteorological data was obtained from the Australian Government Bureau of Meteorology 2013e2014 (rainfall, wind speed, wind direction and humidity). Nitrogen dioxide (NO 2 ) was recorded with a GasAlert Extreme T2A-7X9 (BW Technologies, Canada). Temperature, light, noise and relative humidity were recorded using a Digitech Multifunction Environment meter (Digitech, China). A Turbometer Davis anemometer (Davis Weather Gadgets, Cannon Beach, Oregon) was used to measure wind speed.
Quality assurance
Air sample collection was conducted at least 30 m from roadways to allow the dispersal of pollutants sourced from the street. Rainy days were avoided, as rain has been shown to remove particulate matter from the air (Nishihara et al., 1989) . Furthermore, no bare soil was present within 30 m proximity of sampling, to avoid any dust contribution to PM concentrations. The order in which sites were sampled was randomised for every sampling day, to remove any systematic temporal variation within the allocated sampling time interval. Reference data from three air quality monitoring sites operated by the OEH were obtained for comparison on the days that samples were collected, for PM 10 , PM 2.5 , CO, NO 2 and SO 2 . The reference sites included: Randwick (1 km from the closest sample site); Rozelle (3.5 km from the closest sample site) and Earlwood (10 km from the closest sample site). The OEH air quality monitoring sites utilise a tapered element oscillating microbalance (TEOM) for particulate matter quantification as per the Australian Standard (AS 3580.9.8e2001), approved by the NSW EPA (2007) . The average TEOM data sourced from these monitoring sites was used to correct the over estimation of particulate matter data obtained from the DustTrak, as per the recommendation of Kingham et al. (2006) , by calculating the difference in recorded data with the mean from the three OEH sites and applying it as a correction factor for each sampling event. 2.6. Data analysis
All data are expressed as means ± standard error. All analyses were performed using Minitab Ver. 14. To allow us to determine the relationship between proximal greenspace and air quality, it was necessary to account for inter-site variability related to pollutant density associated with road traffic. Thus a stepwise multiple linear regression was used to determine the traffic variable that had the strongest relationship with the air quality variables, which was traffic density within the 100 radii in all instances. The air quality variables were corrected for the effects of traffic by performing subsequent analysis on the residuals from linear regressions between the air quality variables (TSP, PM 10 , PM 2.5 , CO, NO 2 and SO 2 ) and this traffic variable.
The presence and strength of linear associations between pollutant concentrations, as above, and environmental conditions (listed in Section 2.4) were examined by computing Pearson correlation coefficients. Stepwise multiple linear regression was carried out to determine the relative influence of the environmental variables on the inter sample variance in all pollutant concentrations. For this analysis we treated all samples as independent (ie. samples were collected using a temporally independent design), and thus it did not allow the distinguishing of any seasonallydependent interaction effects between air quality and environmental variables, should they be present.
Results
Site and monthly trends for PM are displayed in Figs. 2 and 3 . Samples taken from the sites that exhibited the lowest concentrations of greenspace, i.e. Town Hall, Pitt St and Haymarket, generally had the highest concentrations of total suspended particles; recording 34.0 ± 4.0 mm/m 3 , 33.3 ± 3.3 mm/m 3 and 28.4 ± 4.9 mm/ m 3 respectively. In comparison, the sites that had the most greenspace (Centennial Park and Rushcutters Bay), recorded the lowest total suspended particle concentrations relative to other sites, with 17.5 ± 2.1 mm/m 3 and 19.3 ± 4.2 mm/m 3 . These levels were significantly lower than the three sites with the lowest greenspace (GLM ANOVA, both P < 0.000 compared with Town Hall, Pitt St and Haymarket sites). This same trend was observed in the other fractions of particulate matter, with Town Hall, Pitt St and Haymarket consistently recording significantly higher concentrations of PM 10 and PM 2.5 than sites with higher density of greenspace (GLM ANOVA, all P < 0.000 compared with Chippendale, Glebe, Rushcutters Bay, Centennial Park).
Little seasonal variation was observed in particulate concentrations other than significantly higher concentrations in TSP and PM 10 in September and May (GLM ANOVA, both P < 0.000 compared to all other months). The high concentrations observed in September are attributable to the hazard reduction burns that took place during that time (OEH, 2015). A secondary peak was observed across all sited during the month of May, a probable consequence of the low precipitation rates at the time (OEH, 2015) .
No seasonal trend was observed with PM 2.5 across the sites (GLM ANOVA, P > 0.000). Trends for CO 2 and NO 2 are displayed in Figs. 4 and 5. Some significant differences were present in CO 2 and NO 2 concentrations between months. No consistent pattern was observed across months, and amongst sites, the pattern of CO 2 concentrations (Fig. 5) was variable, the only statistically significant difference observed being Pitt St, Prince Alfred Park and Town Hall recording significantly higher concentrations than those recorded for Sydney Park and Zetland (GLM ANOVA, P < 0.05 for all differences mentioned). There was no variation in NO 2 concentrations amongst sites. No seasonal trend in CO 2 was observed, with mean concentrations ranging from 377 ppm to 414 ppm. No seasonal trends in NO 2 were observed other than significantly higher concentrations in August and September which were once again attributable to the hazard reduction burns that take place during that period (GLM ANOVA, P < 0.05). The temporal and spatial variation amongst CO 2 and NO 2 samples was not of a magnitude that warranted detailed multivariate analysis.
Data for NO, TVOC, CO and SO 2 were consistently below detection limits, and were thus not analysed individually. However, these air quality variables were used for the multivariate analyses, since there is evidence that multiple air pollutants may have additive effects (eg. Dominici et al., 2003) .
Relationships with environmental variables
Correlations between particulate matter measurements acquired from the Bureau of Meteorology and our samples were positive and significant (r ! 0.836, P ¼ 0.000), indicating that our instrument readings were closely proportional to the TEOM data, and any variation between the readings was thus likely attributable to spatial separation.
To test the potential effect of prevailing and local wind direction measured at each site, wind direction was used as a categorical variable and collated and assessed univariately. No significant difference was observed between all pollutant concentrations for the different prevailing wind directions, indicating that wind direction had no major effect on the observed differences between pollutant response variables. Traffic corrected total suspended particle concentrations were significantly negatively correlated with canopy coverage within a radius of 100 m (r ¼ À0.293, P ¼ 0.001), canopy coverage within 250 m (r ¼ e 0.221, P ¼ 0.011), percentage total greenspace cover measured at 100 m radii (r ¼ À0.189, P ¼ 0.03), 250 m radii (r ¼ À0.191, P ¼ 0.028) and 500 m radii (r ¼ À0.181, P ¼ 0.038). However, total suspended particle data was also significantly negatively correlated with monthly total rain recorded per the sampling period (r ¼ À0.244, P ¼ 0.005), total rain recorded in the preceding week (r ¼ À0.244, P ¼ 0.005), and significantly positively correlated with time duration since last rain event (r ¼ 0.417, P ¼ 0.000). Traffic corrected PM 10 data were significantly negatively correlated with canopy coverage within 100 m (r ¼ À0.250, Fig. 3 . Average levels of atmospheric particulate matter fractions averaged across sites, over the 12-month sampling period (Means ± SEM, n ¼ 11). P ¼ 0.004), canopy coverage within 250 m (r ¼ e 0.213, P ¼ 0.014), and percentage greenspace cover measured at 100 m radii (r ¼ À0.179, P ¼ 0.04). However, PM 10 data was also significantly negatively correlated with wind speed (r ¼ À0.180, P ¼ 0.039), monthly total rain recorded during the sampling period (r ¼ À0.226, P ¼ 0.009), total rain recorded in the preceding week (r ¼ À0.141, P ¼ 0.004), and significantly positively correlated with time duration since last rain event (r ¼ 0.461, P ¼ 0.000). Traffic corrected PM 2.5 data was not significantly correlated with any greenspace variable, but was significantly negatively correlated with monthly total rain recorded per the sampling period (r ¼ À0.226, P ¼ 0.009), total rain recorded in the preceding week (r ¼ À0.232, P ¼ 0.008), and significantly positively correlated with time duration since last rain event (r ¼ 0.443, P ¼ 0.000).
Multiple stepwise linear regression analysis was used to determine which environmental variables were the strongest predictors of the aerosolized particulate matter. The analysis ranked the variables in order of predictive power, with backward elimination performed to check the significance of each variable. Only predictor values that contributed to over 2% of the overall explanatory power and were significant (P < 0.05) were considered.
For traffic corrected TSP concentrations, the time since last rain event was the largest contributor to the overall variation in the model, explaining 17.41% of the linear pattern in the TSP data (R 2 ¼ 17.41). Adding canopy coverage within 100 m to the model explained an additional 9.86% of the variation, and adding canopy coverage within the 500 m radii added 2.94% explanatory power. The three variable model thus explained 30.45% of the variability in the data set (R 2 ¼ 30.45). When traffic corrected PM 10 was used as the response variable, six combined predictors were detected: time since last rain event was the largest contributor to the overall variation in the model, explaining 21.24% of the linear pattern in the PM 10 data (R 2 ¼ 21.24). Adding canopy coverage within 100 m to the model explained an additional 6.25% of the variation, adding wind speed explained an additional 4.80% of the variation, adding canopy coverage within 500 m radii of the site centres explained an additional 4.9% of the variation, and adding monthly total rain explained an additional 3.69% of the variation. Combined, the six variable model thus explained 41.08% of the variability in the data set (R 2 ¼ 41.08). For traffic corrected PM 2.5 , the analysis indicated that only three predictors were worthy of consideration, as these variables were the only ones that were statistically significant and adding further predictors to the model made little contribution to its overall explanatory power. Time since last rain event was the largest contributor to the overall variation in the model, explaining 19.59% of the linear pattern in the PM 2.5 data (R 2 ¼ 19.59). Adding canopy coverage within 100 m to the model explained an additional 6.16% of the variation, and adding and wind speed added 3.20% explanatory power. The three variable model thus explained 28.59% of the variability in the data set (R 2 ¼ 28.59).
Discussion
This study provides data on a range of ambient and seasonal air pollutants for sites across central Sydney, Australia, and is the first study to use a competitive model to determine the relative importance of environmental predictors for air quality, including proximal greenspace.
Sites that frequently had high concentrations of PM; Town Hall, Pitt St and Haymarket, all had low greenspace densities, with proximal greenspace coverage within 100 m radii measuring 1.9%, 3.6% and 11.0% respectively. Conversely, sites that had the lowest concentrations of PM; Centennial Park, Rushcutters Bay and Glebe had both the highest greenspace recorded and the highest canopy coverage, with proximal tree coverage within 100 m radii measuring 35.4%, 40.5% and 17.9% respectively. Additionally, all fractions of particulate matter were significantly negatively correlated with greenspace; thus increasing greenspace was associated with decreasing particulate matter despite the data being corrected for traffic density. The strongest associations with decreasing PM were canopy coverage within 100 m radii of the sample sites. However, associations were also found between all fractions of particulate matter and environmental elements such as wind speed, time since last rain event and quantity of rain recorded in the time proximal to the samples being taken. Clearly, these meteorological factors are also important factors in determining ambient particulate concentrations, as demonstrated previously by Cavanagh et al. (2009) . In the current study, when these factors were analysed for their combined effects utilising stepwise multiple linear regression, time since last rain event was the strongest predictor of the concentrations of all PM types; however in all models, canopy coverage within 100 m radii was the next strongest contributing factor. Thus, whilst meteorological factors had the strongest influence in determining particulate matter concentrations; greenspace, and especially canopy coverage proximal to the sample sites, were integral influences on reduced ambient particulate matter concentrations. This outcome is in agreement with most of the studies that have assessed the ability of urban forestry to reduce particulate concentrations, with Freiman et al. (2006) finding that ambient PM concentrations were lower in neighbourhoods with dense vegetation, and Cohen et al. (2014) demonstrating reduced pollutant concentrations including PM levels in an urban park compared to proximal street canyons. Similarly, Cavanagh et al. (2009) observed decreasing particulate concentrations with increasing distance inside an urban forest patch in Christchurch, New Zealand. However, whilst these studies demonstrated that urban vegetation may have benefits in regards to pollution mitigation, they lacked spatial and temporal replication, with Freiman et al. (2006) sampling 6 sites, Cohen et al.'s (2014) total study duration was 6 days at 4 sites, and Cavanagh et al. (2009) only studying one forest patch with nested sites within the site. The only study with substantive replication was Set€ al€ a et al. (2013), who did not detect a relationship between urban vegetation and air pollutants in Finland; subsequently concluding that the effect of greenspace was minor in northern conditions.
A recently developed tool to measure urban forest ecosystem services is the Urban FORest Effects (UFORE) model developed by the U.S Forest Service (Nowak, 2006) . Although the model was specifically designed for US studies, it has been widely applied across the world, with use in Barcelona, Spain (Bar o et al., 2014) , Shenyang, China (Liu and Li, 2006) and Perth, Australia (Saunders et al., 2011) . However, as detailed by Bar o et al. (2014) , the model has limitations, as it is based on PM deposition rates for specific plant species which limits the usefulness of the model to areas dominated by the species included in the database. Further the model has uncertainty in relation to particle re-suspension rates and fine scale spatial variability in air pollutant concentrations; thus Bar o et al. (2014) concluded that the model should be used for approximate estimations rather than precise quantification. Although the dry deposition velocity of PM on urban forestry was not documented in the current study, we did, however, find that areas with proportionally higher densities of urban forestry were quantifiably associated with reduced ambient particulate matter levels, thus providing empirical evidence that could verify the UFORE ecosystem service approximations.
The statistical model utilised in this experiment did not fully explain majority of the variation in the data set, indicating that there were other variables not accounted for, and that determining all, or even most of the causative factors associated with urban air pollution experiments can be challenging. Thus there are clearly manifold environmental variables that influence air quality in a city environment at any one time and in any specific location. Whilst we cannot account for majority of the temporal and spatial variation in air quality with the environmental variables chosen for analysis in this study, the identification of greenspace as an important determinant of city airborne pollutants is a significant contribution to our understanding of UAQ, and should assist in future air quality modelling exercises.
Model estimates indicate that areas with high greenspace could have lower NO 2 concentrations (Pugh et al., 2012) , however empirical data to demonstrate this is lacking and efforts to demonstrate this trend have failed to find effects of the magnitude detected by empirical estimates (Grundstr€ om and Pleijel, 2014; Set€ al€ a et al., 2013) . Similarly, substantial reductions in NO 2 were not evident in the current study. Additionally, no associations with NO 2 and any measured environmental variable were found. Increases in NO 2 were seen in the Spring months, whilst all other months showed no seasonal trends. Atmospheric NO 2 is associated with combustion, and thus the increased concentrations during Spring appears to be associated with hazard reduction burning (OEH, 2015) .
Variation in temporal and spatial ambient atmospheric CO 2 concentrations is influenced by a range of seasonal, meteorological and land usage factors (Henninger and Kuttler, 2010) . In urban environments, variations in ambient atmospheric CO 2 concentrations are mainly associated with combustion processes (Idso et al., 2001) , leading to peak CO 2 concentrations in the centre of cities. Whilst the city centre sites had high CO 2 concentrations, this pattern was not consistent across the full sample. Restrictions in the upward movement of pollutants released at ground level has been demonstrated in areas constricted with tall buildings; therefore, accumulation of pollutants may occur in built up areas (Gratani and Larone, 2005) ; which may also explain the high inner city CO 2 concentrations we detected on occasion. Higher wind speeds facilitate increased CO 2 advection in the atmosphere, which also could be a contributing factor to the reduced levels observed in less built up areas. Clearly, there are many challenges in relation to assessing urban CO 2 fluxes (Grimmond et al., 2002) , and further research on this air pollutant are needed. Whilst CO 2 levels varied considerably between months in our study (Fig. 4) , there was no explainable pattern observed.
Concentrations of NO, TVOC, CO and SO 2 were frequently below the detection limits of the devices utilised in this experiment. This may be a testament to the efficacy of the governmental regulatory efforts imposed to improve Sydney's air pollutant levels (DEH State of the Air Report, 2004). If these pollutants do not exceed concentrations of concern, the ability of urban greenspace to reduce them will not be realised. Whilst it cannot be deduced from this experiment, it is possible the Sydney's urban forestry is biomitigating NO, TVOC, CO and SO 2 concentrations so as to maintain low concentrations. Yin et al. (2011) demonstrated that densely vegetated areas within urban environments in a city in China had reduced atmospheric concentrations of SO 2 and NO 2 . However, it remains unknown if Sydney's urban forestry is having a quantifiable influence on ambient NO, TVOC, CO and SO 2 concentrations.
We also tested the effect of wind direction on the variation in pollutant levels during the study by using wind direction as a categorical variable for univariate assessment of air pollutant levels. Whilst there were minor differences in pollutant levels when the prevailing winds varied, none of these effects approached statistical significance, and thus could not explain a meaningful proportion of the overall variability in air quality during the study.
Many tree species that comprise Sydney's urban forestry are deciduous, and thus have no leaves during winter, consequently affecting their ability to intercept and accumulate atmospheric particulates, and to absorb various gaseous pollutants. It is difficult to evaluate whether the seasonal behaviour of Sydney's urban forestry had a quantifiable influence on proximal ambient air pollutants from this study. Further, different vegetation types are known to have different deposition rates for particulates (Beckett et al., 2000; Saebø et al., 2012) . Thus, future work that documents the density and type of greenspace, as well as calculating approximate total leaf area based on allometric equations, whilst monitoring ambient urban air pollution could be of value.
Using a simulation model, Wania et al. (2012) determined that dense tree cover in deep street canyons inhibit the upward flow of particulate matter, and thus diminish its dispersal rates. Their model indicated that particulates created from traffic are increased in street canyons with large height-to-width ratios, and that vegetation within these street canyons could compound the issue. As it was not the focus of the current study to examine such phenomena, these scenarios were avoided when sampling. Thus, future research that considers such factors as streetscape design when assessing the effects of urban vegetation on ambient air quality in urban environments would be of value.
In the current study, the volume of accumulative traffic movements was used as a measure of the primary local pollutant source. As vehicle derived exhaust pollution is known to vary between vehicle type, fuel type and vehicle age (Rhys-Tyler et al., 2011) , further work that takes into account the potential differences in vehicle pollution due to traffic variables such as traffic lights as well as the continuousness of traffic flow may also be of value.
Conclusion
Samples taken from low greenspace sites frequently had higher concentrations of all fractions of aerosolized particulate matter than other sites. Comparatively, sites with high proximal greenspace had lower particulates, even when pollutant sources were corrected for and factored into the analysis. Further, all fractions of particulate matter were significantly negatively correlated with greenspace, with increasing greenspace associated with decreasing particulate matter, even when meteorological and traffic density being considered. This is the first study to comprehensively demonstrate, with substantial temporal and spatial replication, that areas with proportionally higher concentrations of urban forestry are quantifiably associated with reduced ambient particulate matter levels. Conclusions concerning other air pollutants (CO 2 , NO 2 , NO, TVOCs or SO 2 ) are yet to be elucidated.
